Introduction

27
The "garbage in garbage out" (GIGO) principle suggests that the quality of input data is directly 28 related with the outputs of an analysis (Oliveira et al., 2005 ). Data quality is however a subjective 29 measure that refers to the level of appropriateness of data for a specific use (e.g. Juran and Godfrey 30 1999; Herzog et al. 2007; ) . The intended use largely determines data collection methods as well as the 31 contents and the details of the included attributes. As a consequence, when datasets are used for 32 purposes different from the primary, data quality might not be ideal. One example of such datasets 33 that may have multiple uses is road crash reports collected by public authorities (in most cases the 1 local police). Crash reports typically provide sufficient information for their primary use to provide 2 information when civil claims arise and to develop regional and national safety performance statistics. 3 However, due to the lack of alternatives and despite the limitations, police crash reports are also the 4 main source of data for road safety research (OECD/ITF, 2015). 5
As crashes are one of the main externalities of transport systems (Johansson et al., 2014 ), a significant 6 amount of resources is invested every year for their mitigation. The number of crashes has indeed 7 been reduced over time, especially in the developed countries, although the decrease may not be 8 attributed entirely to improvements in road infrastructure, traffic conditions or driving behaviour but it 9 might be also related with improved vehicle quality and medical services. The development of 10 measures for crash prevention largely relies on the outcomes of road safety analyses. Whether focused 11 on road users or the environment, road safety analyses aim to unveil the conditions that are more 12 likely to lead to crashes; that is why they are usually data demanding. It is unclear to which extent 13 crash records are accurate enough to be considered "fit for purpose" for road safety analyses, as little 14 research has been done towards this direction. There are indications though that crash data have 15 considerable shortcomings, which imply a potential distortion of research outcomes and a subsequent 16 negative impact on developing countermeasures. 17 The two main problems of crash data relate to completeness and accuracy. Crash under-reporting is a On the other hand, reported crash data are not perfect either. Misreporting and incompleteness are two 1 serious issues of crash databases. The problem is more evident, and possibly more serious, when the 2 key variables that are used for integrating crash datasets with other explanatory datasets (e.g. traffic 3 data) or the variables that describe the outcomes and the circumstances of crashes (e.g. severity) are 4 inaccurate or missing. Road safety research has evolved rapidly in terms of traffic data quality and 5 methodological approaches (Mannering and Bhat, 2014) . However, crash data seem not to have 6 followed a similar trend in terms of quality and might be inadequate for current sophisticated analyses 7 that are not necessarily capable of addressing this issue. Errors and inaccuracies in crash datasets are 8 challenging, if not impossible, to be identified and corrected by data users and that partially explains 9 why research on the particular area is limited. 10
This paper summarises findings of existing research on crash data limitations in order to highlight 11 potential issues that could emerge in multiple different types of road safety analyses. This will be 12 enhanced using evidence from four crash datasets from different countries. The purpose of this paper 13 is to increase awareness of crash data limitations, to pinpoint areas that require further research and to 14 provide ideas about future crash reporting systems. 15 2 The five W's of crash reports 16 17 Crashes are rare and often multi-causal events that follow a unique sequence of events. It is therefore 18 not always straightforward to identify their exact causes. To capture as much useful information about 19 crash occurrences as possible, local authorities develop specialised report forms (paper-based or 20 electronic) that need to be completed after a crash. The information can be categorised using the five 21 "W" questions: 22
• "Where?": crash location; 23
• "When?": crash time; 24
• "What?": crash severity; 25
• "Who?": involved users (and vehicles) and; 26
• "Why?": crash contributing factors. 27
Depending on their scope and perspective, road safety analyses may employ a plethora of different 28 combinations of information included in crash reports. These five categories are not equally useful for 29 all analyses; for example, in a network-level crash frequency model individual driver-related data 30 might not be considered, while in a study on the crash characteristics of different driver profiles, crash 31 time and location might not be important. Additionally, some of the variables that consist these 32 categories are significantly easier to be reported (e.g. driver's gender) compared to others (e.g. crash 33 location), therefore misreporting and missing data problems are not equally distributed between 1 variables. The following sections will summarise some of the most significant flaws of crash data that 2 have been discussed in existing literature. 3
Crash location and time 4 5
Location and time are two fundamental elements of a crash report. For crash analyses that aim to 6 explain fully or partially crash occurrence through environmental conditions (e.g. traffic, weather, 7 road geometry) these variables are of particular importance because they enable linkage of crash 8 datasets with datasets that include environmental conditions information. One major issue that arises 9 when data linkage is required is the lack of common and comparable spatial and temporal attributes 10 between datasets. This happens because most of the datasets are held by different organisations that 11 typically are not road safety-focused, so direct matching is rarely possible. For instance, crash 12 locations might be reported with a set of coordinates, traffic data might be reported with reference to achieving matching accuracy of 98.4% and 98.9% respectively (for a detailed overview of crash 10 mapping algorithms the reader is referred to Imprialou et al. (2015)). 11
Despite the fact that substantial improvements in crash location have been achieved through crash 12 mapping algorithms, the vast majority of crash analyses do not perform this kind of data pre-13
processing. This may be due to the fact that crash mapping algorithms are relatively complex to 14 develop and evaluate (e.g. the validation of some of the aforementioned crash mapping algorithms 15 requires some hundreds of manual identifications of crash locations). Another reason could be that the 16 impact of using less accurate crash location is not entirely known. can be estimated by dividing the distance between two contiguous traffic measurement stations 21 upstream of the crash location (e.g. loop detectors) with the time difference of shockwave arrival at 22 these locations. If the shockwave speed is known, the time when a shockwave arrived at a specific 23 network location can be estimated. Therefore, the time that the shockwave arrived at the crash 24 location is assumed to be the actual crash time. Although theoretically valid, this method requires the 25 availability of spatially and temporally disaggregated traffic data that are may not be available, 26 especially for urban road networks. Moreover, this correction method assumes that crash location is 27 accurate, which may not always be the case. To the best of the authors' knowledge, the impact of 28 inaccurate crash time in crash analyses has not been formally evaluated yet, so research is required in 29 this unexplored area. be more accurately reported in terms of severity but also of other reported attributes (such as speed 24 just before the crash) (Chung and Chang, 2015) . While the identification of fatally injured and non-25 injured users involved in a crash is more straightforward, the classification between different (non-26 fatal) severity levels has been found to be challenging (Farmer, 2003) . Dove et al. (1986) suggested 27 that one third of the reported as "severe" injuries were over-classified and another third were under-28
classified. This is consistent with the findings of other studies that found that approximately one third 29 of injuries characterised by the police as "incapacitating" were medically classified as "minor" reported as "slight" injury crashes were found to be in fact "life threatening" according to hospital 32 data. 33 Injury severity misclassification is not random as it has been found to be related with specific crash or 34 user characteristics (for instance, sensitive user injuries tend to be over-classified) (Amoros et al., 35 2006 ). In addition to selection bias arising from the crash under-reporting, classification bias might 1 further affect analyses that use crash severity in order to explain crash occurrences such as severity 2 modelling or multivariate count regression models. To overcome this problem some researchers have 3 suggested linkage of crash data with hospital data prior to any analyses (e.g. Watson et al. 2015 ) that 4 might be quite effective but possibly time and data demanding. 5
Crash involved users 6 7
Road users involved in a crash can be either drivers or vehicle passengers or pedestrians (termed here 8 as: other road users). As driver errors are considered to be associated with approximately three 9 quarters of all crashes (Department for Transport, 2015; Stanton and Salmon, 2009) many studies 10 analyse driver characteristics in order to identify and explain cohort-related differences in the 11 frequency and type of crashes. Although typically not related with the cause of crashes, the 12 characteristics of other road users are also particularly interesting for road safety research, especially 13 when they belong to special user groups (e.g. children). issues for user demographics which might be explained by the fact that demographic characteristics 20 are straightforward to be reported and can be also corrected after leaving the crash scene if necessary. 21
Although the literature on this topic is not extensive, seat belt usage rate was found to be 13-18% 22 over-reported in data collected over a 15-year period (1993-2007) 
from the US Crashworthiness Data 23
System of the National Automotive Sampling System (NASS-CDS) (Viano and Parenteau, 2009) . 24
Similarly to other attributes, seat belt use is likely to be more accurately reported in crashes that 25 resulted in at least one fatality (Cummings, 2002) . 26
Examining user demographics of FARS and STATS 19, it was revealed that the latter dataset includes 27 flaws even in the aforementioned "straightforward-to-report" attributes. Missing values for driver age 28 and gender were less than 2% in FARS but 11% of all driver demographics had one or more missing 29 values in STATS 19. Missing values can affect the outcomes of analyses and the list-wise approach of 30 deleting incomplete observations is not a panacea when the "missing completely at random" (MCAR) 31 assumption is not true (Heitjan and Basu, 1996) . Moreover, as it can be seen in Figure 5 
Crash contributory factors 7 8
Understanding crash causation is probably the most critical element for developing crash preventive 9 measures. Most police crash reports include information on the potential reasons that lead to crashes 10 as these were evaluated by police officers that attended the scene after a crash occurrence. The reports 11 typically include a fixed list of potential contributory factors related with the road environment, 12 drivers, vehicles and weather conditions and the officers need to select (and sometimes prioritise) 13 those that seem more relevant to the circumstances of a crash. This is not an easy task to complete; 14 due to the inherent complexity of a crash mechanism understanding and reporting their underlying 15 causes in minimal time using solely a generic, pre-designed form is probably an unrealistic goal. 16 Officers due to time restrictions, in addition to lack of experience, are likely to report the minimum 17 permitted number of contributory factors that may be inaccurate or incomplete. The extent of these 18 2 The difference of error between the two datasets may be related with the fact that FARS includes only fatal crashes which are expected to be more carefully reported. 
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errors is practically unknown because, unlike to some other crash attributes, the evaluation and 1 correction of these potential errors are not easy and require substantial amounts of resources and 2 evidence. In-depth crash investigations, where crash investigation teams visit the crash scene and 3 collect data independently of the police and evaluate the possible reasons for accidents, can 4
significantly enhance the quality of contributory factors (e.g. Beanland et al., 2013; Flannagan et al., 5 2015) . This data collection method is available in many countries around the world and can contribute 6 to the development of methods for improving the quality of crash reports (e.g. Couto et al., 2016) . It 7 should however be noted that an in-depth investigation is typically implemented on a small scale due 8 to the high operational cost and therefore it is unlikely to replace the most commonly used crash 9 reporting system. In one of the few studies that compare contributory factors identified by the police 10 and by independent specialist teams after visiting the crash site, it was found that there were 11 significant differences between them (Montella 2011). Specifically, contributory factors in police 12 crash reports were mainly focused on drivers' errors while transport experts were concentrated on the 13 interactions between vehicles and the road environment. 14 An important issue with many contributory factors is the lack of objective and generally accepted 15 descriptors and this is more evident in driver-related factors. It is debatable whether self-reporting would be suitable for contributory factors that are related to 23 drivers' unlawful behaviours such as driving under the influence (DUI). That is because drivers might 24 not want or be able to recall whether they were impaired by a substance (e.g. alcohol, cannabis etc.) 25 (OECD, 2010). Although DUI is a contributory factor that is relatively easy to be assessed serious for all attributes and across datasets. However, poor quality crash data can hinder or damage 7 safety analyses and consequently affect the evaluation and development of successful road safety 8 interventions. 9 
Topics for further research
11
The impact of some of the aforementioned crash data flaws on road safety analyses is not yet entirely 12 understood and so more research is needed. Further attention should be also given to the development 13 of transferable methods for addressing crash data inaccuracies that can be broadly applied by safety 14 researchers and practitioners. These efforts can significantly improve the quality and reliability of the 15 datasets however, post-processing approaches are more likely to address some but not all the 16 limitations. To significantly enhance the quality of crash data, radical improvements in crash reporting 17 systems are essential. 18
Evaluating existing literature on crash data quality few issues that the road safety research community 19 needs to be aware of have been identified: 20
• Impact of inaccurate reported crash locations on the outcomes of crash analyses (e.g. risk 21
mapping, hot-spot identification, link-based crash frequency models, real-time crash 22 prediction) 23
• Impact of incorrect reported crash time on the outcomes of crash analyses that consider pre-24 crash traffic/geometric/weather conditions (e.g. real-time crash prediction, condition-based 25 modelling) 26
• Impact of imprecise crash severity on the outcomes of crash analyses (e.g. severity modelling, 27 risk mapping) 28
• Impact of unreliable user information on the outcomes of crash analyses (e.g. behavioural 29 studies, cohort analyses, evaluations of specific users) 30
• Evaluation of the accuracy of crash database attributes (including reported crash contributory 31 factors) through comparisons with detailed data sourcing from in-depth crash investigations 32 or naturalistic studies 33
• Methods for crash data post-processing (e.g. crash mapping) for improving data quality and 1 analytical methods for handling crash data reporting errors 2
• Development of advanced and more accurate crash reporting methods. substantially if the time of crash is reported as the time that the police received the call automatically 28 so the error in this information could be captured more easily (as it is currently applied in Saudi 29 Arabia (Altwaijri, 2013) ). An alternative to that would be the use of the reported time from in-vehicle 30 systems that call automatically the nearest emergency centre such as the eCall initiative introduced by 31 the European Union (European Commission, 2016). 32
Crash severity and casualty information should be also enhanced and corrected using applications that 33 will enable the linkage of hospital records and crash databases. Demographic information and crash 34 history of all drivers of a country or region could be stored in a database and could be identified by 1 the crash reporting application automatically using the driving licence number, magnetic strips or 2 barcodes that are applied in New York, US (Ogle, 2007) . Crash contributory factors remain one of the 3 most challenging information to be accurately reported however the use of recordings from on-board 4 and dash-board in-vehicle cameras or event data recorders can significantly enhance the initial 5 statement about the causes of a crash made by the officers. To that end, when such data will be 6 available they should be stored and processed in order to identify contributory factors that were not 7 known or noticed when the report was first completed at scene. 8
Crash reporting systems that incorporate more technological applications do have limitations. 9
Reliance on technology may lead to systematic errors or data losses in the case of equipment failure or 10 misuse and might even be vulnerable to hacking. Moreover, purchasing and developing new crash 11 reporting systems as well as training of data collecting teams is costly. The time required to fill in 12 crash report forms is also likely to be increased, at least when a new system is newly introduced 13 (Montella et al., 2017). The vision for prefect crash databases may be utopic, however now it is more 14 timely and necessary than ever to work on improving crash data in anticipation of new and advanced 15 road safety analyses that will lead to the development of more successful preventive measures and 16 
technologies. 17
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